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Abstract. A method for detecting anomalous variations in the cosmic ray flux intensity during
geomagnetic storms has been developed. The method contains cognitive rules for choosing solutions
and is a synthesis of threshold wavelet filtering with elements of statistical decision theory. Numerical
implementation of the method allows one to obtain the best solution, in a certain statistical sense, at
the rate of data receipt by the processing system. The work used data from ground-based neutron
monitors of high-latitude stations (nmdb.eu). Two periods containing extreme geomagnetic storms of
levels G5 and G4 and accompanied by two deep Forbush decreases, recorded on May 11, 2024 and
January 01, 2025, are considered. The use of the method made it possible to detect anomalous changes
in the cosmic ray flux intensity several hours before the onset of Forbush decreases and the
registration of geomagnetic storms.
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1. INTRODUCTION

The creation of new and development of existing methods for analyzing geophysical
parameters that allow near-real-time assessment of the state of near-Earth space (NEO) are of growing
popularity. This is due to the rapid development of technical ground and space infrastructure, the
functioning of which significantly depends on space weather factors [Belov et al., 2004; Kuznetsov,
2014; Larionov et al., 2018; Demyanov and Yasiukevich, 2021]. The main space weather factors
determining the state of the ICS are solar flares, high-velocity plasma flows from coronal holes, and
coronal mass ejections (CMEs) [Kuznetsov, 2014; Abunina et al., 2022]. In ground-based neutron
monitors (NM) data reflecting the intensity of the cosmic ray (CR) flux, such events manifest

themselves as Forbush decreases (short-term decreases in the recorded intensity of the CR flux) and




GLE events (increases in the NM count rate resulting from an increase in the number of protons in
the primary CR flux). Currently, a number of researchers and scientific groups are actively engaged
in the development of methods to detect Forbush Declines (FDs) and their precursors [Wawrzynczak
and Kopka, 2018; Abunina et al., 2020; Grigoriev et al., 2022; Lagoyda et al., 2024; Mavromichalaki
et al., 2024; Nwuzor et al., 2024; Singh and Badruddin, 2024; Savi¢ et al., 2024].

For example, [Mavromichalaki et al., 2024] presented the results of testing the NKUA and
NKUA/IZMIRAN systems. The NKUA/IZMIRAN system, based on the station ring method
[Abunina et al., 2020], showed satisfactory results for the analyzed events and detected preliminary
increases in the CL flux intensity. In [Savi¢ et al., 2024], differential fluence spectra constructed using
the Ellison-Ramati model and Band et al. model were obtained to study the relationship between
perturbations in the energetic particle flux caused in the ICS by the arrival of high-velocity plasma
fluxes from coronal holes, CMEs, and associated FPs. The study [Savi¢ et al., 2024] showed that the
correlation between the spectral indices of the solar energetic particle fluence spectra and strong and
moderate FPs (data taken from (http://spaceweather.izmiran.ru)) was found to be significant. In
[Kolarski et al., 2023] a study of the impact of a solar flare on the ionosphere and primary cosmic
rays was carried out. Numerical modeling revealed a significant change in the ionospheric parameters
(gradient of the electron concentration profile and effective reflection height) and an increase in the
electron concentration by several orders of magnitude [Kolarski et al., 2023]. This study also showed
the dependence of the correlation between heliospheric and geomagnetic parameters on the median
CL energy.

In [Getmanov et al., 2024a; b], researchers proposed a new method based on the application
of neural networks for the task of forecasting geomagnetic storms. The developed method [Getmanov
et al., 2024a] confirmed the hypothesis about the dependence between the time series of matrix
observations of the muon hodoscope and Dst-indices. Researchers [Getmanov et al., 2019] developed
an automated method based on digital processing of data from space monitoring measurement
systems for the task of early diagnosis of geomagnetic storms. Statistical evaluations confirmed the
effectiveness of this method [Getmanov et al., 2019]. In [Monte-Moreno et al., 2022], a nearest
neighbor method is used to predict global ionospheric total electron content (TEC) maps. Unlike
neural network methods, this approach [Monte-Moreno et al., 2022] does not require a pre-training
procedure. However, the method has been tested on a limited test sample and requires further
research. In [Tang et al., 2020], the applicability of a traditional mathematical method (ARPSS
model) and two deep learning algorithms was investigated to solve the PES prediction problem. The
study [Tang et al., 2020] showed that the deep learning algorithm for strong geomagnetic storms
achieves the best accuracy, in contrast to the traditional approach. For weak and moderate events,

satisfactory results could not be obtained in [Tang et al., 2020].




Wavelet analysis methods are increasingly used to study CL variations. The advantage of the
approach based on wavelet analysis is the absence of a training procedure and the possibility of
numerical realization of transformation operations. For example, a combined method for detecting
hidden anomalies in galactic cosmic ray variations based on combining spectral-singular data
decomposition and wavelet analysis is presented in [Borog et al., 2011]. As shown in [Borog et al.,
2011], the use of wavelet analysis makes it possible to calculate the energy of short-period variations
on the background of large amplitude noise. Scientists [Baral et al., 2022] proposed the application
of discrete wavelet transform to study the spectral features of CL flux intensity during periods of
Forbush decreases. The study [Baral et al., 2022] confirmed a strong correlation (~ 0.9) between the
relative changes in the CL flux intensity count rate and the solar wind speed and Dst indices. The
results showed that the delay time, as measured by the Dst-index, is several hours. These results are
consistent with the studies of the authors of this paper and the results of [Badruddin et al., 2017; 2019;
Mavromichalaki et al., 2024]. The negative delay of the Dst-index provides a basis for constructing
techniques for forecasting geomagnetic storms from CL variation data.

This work is a continuation of the studies [Mandrikova et al., 2021; Mandrikova and
Mandrikova, 2021; 2024] and is devoted to the creation of automated tools for analyzing geophysical
monitoring data and anomaly detection. A wide range of data analysis methods, including recent
advances in artificial intelligence, aims to learn and reproduce the characteristic features of the data.
The problem of anomaly detection is usually solved by searching for deviations from the constructed
characteristic image. This approach avoids the need to build models to describe anomalies, which, in
most cases, is an unsolvable task due to the complexity of the processes that determine them, the
variety of forms of anomalies and the insufficiency of the required a priori data. The heuristic basis
of this approach does not provide the possibility of obtaining the best solution. Moreover, given the
presence of natural disturbances (including correlated), the obtained heuristic solution may turn out
to be false and provide the basis for incorrect theoretical judgments. In this paper, in continuation of
the theory [Mandrikova et al., 2021; Mandrikova and Mandrikova, 2021; 2024], a new technique for
analyzing natural data and detecting anomalies based on the combination of risk theory and wavelet
analysis is constructed. The proposed methodology allows to obtain a near-optimal solution in a
certain statistical sense at the rate of data arrival to the processing system. The technique contains a
developed cognitive rule for selecting a decision about the state of the data and is a synthesis of
threshold wavelet filtering with elements of statistical decision theory. The technique also contains a
cognitive rule for selecting the best wavelet basis to minimize the data approximation error. The
proposed approach is applicable for limited data sets and does not require training procedure.

In this work, using the constructed methodology, we analyzed data on variations in the

intensity of the cosmic ray flux and considered the periods containing extreme geomagnetic storms




(levels G5 and G4) and accompanied by two deep Forbush decreases registered on May 11, 2024 and
January 1, 2025. The analysis was performed on the basis of data from ground-based neutron monitors
of high-latitude and polar stations (https://www.nmdb.eu/). To assess the state of near-Earth space,
data of the interplanetary magnetic field (IMF) and solar wind parameters
(https://omniweb.gsfc.nasa.gov/), as well as data of the Dst-index of geomagnetic activity
(https://wdc.kugi.kyoto-u.ac.jp) were used. The developed technique allowed us to analyze in detail
the dynamics of CL variations and to detect anomalous changes several hours before the onset of
Forbush decreases and moments of registration of geomagnetic storms. The results of the technique
also confirmed the occurrence of the GLE event (GLE74) during the first analyzed geomagnetic storm

on May 10, 2024.

2. TECHNIQUE FOR ANOMALY DETECTION IN THE DATA

The recorded natural time series is considered as

f@®) =A@®) +R@®) +e(t) = Z cmgm (O) + R(t,0) + e(t), ¢Y)

m

where anomalous component , A(t) = X, cmGm () Cm = {f, gm) » 9m are basis functions,(-) is the
sign of scalar product; regular component ,R(t) = R(t, 6)6 are model parameters,t is time,e(t) is
noise.

According to the research task, the anomalous componentA(t) of the model (1) contains
useful information and is to be identified. Non-parametric representation of theA(t) component is
due to the variety of anomaly shapes, which, in their majority, have non-type distribution. This does
not allow, using traditional approaches, to build a parametric modelA(t) . The use of machine
learning methods, including neural network technologies, also does not guarantee an adequate model,
due to the lack of representative statistics. The regular componentR (t) of the model (1) is not subject
to identification in this paper and is considered as a nuisance (the method of identificationR (t) is

described in [Mandrikova and Mandrikova, 2024]) :

f(&) = A@) + (R(t,6) +e(t)) = Z Cmgm (8) + £(2), (2)

where €(t) = R(t,0) + e(t) is a nuisance.

Thus, in this formulation, the problem of identifying the anomalous componentA(t) reduces
to the problem of testing the simple hypothesis/ (no anomaly in the data, data states, ), against the
simple alternativel; (there is an anomaly in the data, data states; ). In algorithmic form:
observing f(t),t € [I,l + L] requires making one of the possible decisions s,y = 0.1 that the

hypothesisl, is true. Accepting the hypothesis/; is based on the likelihood ratio [Levin, 1989]:
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where W (A(t)|Ty) and W (e(t)|T';) are the probability densities of the distributions when the

(3)

hypothesesl; andl3, are true, respectively, and 7 is the threshold.

Then, having a time seriesf(t) in the form (2), where the anomalous componentA(t) is
represented as its expansion over some basis B = {gy;}men (N - natural numbers): A(t) =
Yom Cmdm (t), the problem of identifyingA(t) , according to statement (3), reduces to applying the
threshold function P(+) with threshold :T

A© = ) 1F,9mDgm(® = D Mem)gm (©) &

meN meN

Cmy if lem| =2 T
0,iflcy|l <T

where P . (c,,) = {

The error of operation (4) obviously depends on the value of the thresholdT and the
approximating basisB . Having ordered the moduli of the coefficients of {|c,,|}men in the basisB in
descending order:

leg[l] = [eg[l + 1]1,

wherecg[l] = ¢;,, , We obtain that the error of operation (4) with threshold :T; [cg[L + 1]| <

Ty < |cg[L]] is
A 2 -
e[l = |A®) - O = Z{Laleslll* (5)
Considering the two-parameter wavelet basis functions [Chui, 1992; Astafieva, 1996]: ¥ =

{lz”]n} (im)ez?* J 1s the scale parameter,n is the time parameter, from relation (4) we obtain an

estimate of

Ap® =Y My (G0)¥n O, Gn = ¥0) (6)
j n
Then, according to (5), we have the error in the wavelet basis
. 2 2
ew[Tin] = [|Aw(@® - F®)|" = Z lcin| %)
(Jnely
where Iy, is the set of indices of wavelet coefficients having amplitudes |¢; | = [(f, ¥j)| = Tjn-

In this case, according to the results of [DeVore, 1998], for functionsf(t) with bounded
variation and having an untyped distribution, the errorelp[Tj'n] of the estimation of the anomalous
componentA(t) (see (7)) cannot be reduced by any other approximation computed in the
orthonormalized basis. Therefore, as noted in [Malla, 2005], in this sense wavelets are optimal for
approximating functions with limited variation, in the case of untyped distributions. Moreover,

according to the results of [Mandrikova and Mandrikova, 2024; Mandrikova, 2024], using a two-




parameter wavelet basis, we obtain the possibility of adapting the thresholdT; ,, in terms of both the
time variablen , and the scale j.
Then, from the representation (6), following the results of [Mandrikova and Mandrikova,
2024], we obtain the best estimate of the anomalous component A
A© = ) Y My, (60) %0 O, ®
j n
Cjns if|cj‘n| = h*0j,

i , threshold
0, lf|Cj,n| < hx*0j,

Tin = hx* O}no}zn(t) =

whereHUj'n(cj,n) = { T,

E {|(£(t), ‘P]-‘n(t)>|2} is the variance of the disturbancee(t) at timet = n on the scale ,jE is the

expectation matrix.

As shown in [Mandrikova and Mandrikova, 2024; Mandrikova, 2024], an important
advantage of operation (8), in contrast to traditional approaches, is the ability to compensate for
correlated natural interference . €

Further, using Jaffard's theorem [Jaffard, 1991] and assuming that the increasing amplitudes
of the coefﬁcients|cj‘n| determine the occurrence of an anomalous feature in the time seriesf (t) in
the neighborhood of the pointt = n and outside the neighborhood containing anomalous features, the
values of |c]-,n| on the argumentn are close to zero (Jaffard):

|cin| < QK705 (Q = const > 0, g- Lipschitz index) 9
we obtain cognitive rule I (data state decision making): the data contain an anomalous feature in the
neighborhood of the pointt = n on the scalej , zfl cj‘nl on the scalej does not satisfy condition (9) in

the neighborhood of this point, and the lowest risk is estimated (see (5)):

A© =YD e, (G0) (O, (10)
j n

C]n'lflcjnl a]n
O, lf|Cj'n| < Ta,j,n

neighborhood of(j, n) using the Neyman-Pearson criterion from the

whereHTajn(Cj,n) = { , and the thresholdTy j , = hy * 6}y, is estimated in the

condition | A W(lcj,n||F0)d|cj,n| = a , wherea — is a genus I error (the circumflex ing is used to

denote the estimate of the standard deviation, as opposed to its actual value ).o
The risk of the estimate (10) is bounded by the value of [Mandrikova and Mandrikova,
2024]

Ry (A(),A()) me (A4,%.)" (a Z(a]n) (11)




From relation (11) and according to cognitive rule 1, we obtain cognitive rule 2 (selection of
the best wavelet basis): using the dictionary of bases 2 = Ujzea By , for the input data setf (t,,) , we
estimate the riskRy (A (v), A(t)) and determine the wavelet basisWy.g; , minimizing the risk.

. . - . w2
Ruee (40, 40) = minky (A(©,40)) = pin > (a}1)".
jn

Thus we obtain the following algorithm for detecting anomalies in the data:

Step 1. Using the set of wavelet basesD = U ., B, , we perform a discrete wavelet transform

on the dataf (t) :

K N
O =D OV (®),
k=0n=1

where K- is the largest analyzed scale,N is the length of the time series.

Step 2. Based on cognitive rule 1, for each scalek = 1,K , we obtain an estimateA(t) oyl

N
Ay = D My (£, ¥22) Win(O),
n=1

(f, wit,) ecnn|(f, Wi, )| = T%k'”,Ta,k,n = ti-abyp,

here I Witn) =
where Ta,k’n((f i) { 0, ecatu|(f, ¥ < Taom 2

p
&Ilcpr}; = J%Z%:l ((f, ‘P,?,n) —{f, W,ﬁn)) Af llf,?,n) is the mean value.

Step 3. We perform wavelet restoration of the data to the original resolution:
K N

Fur® = ) > M (£ W20,

k=1n=1
Step 4. By cognitive rule 2, we select the best wavelet basis:
pa\?
phest = argminwz (é‘k'n) :
kn
Step 5. In the best basis¥?¢St | for each time instantt = n , we calculate the anomaly

intensity:

K
— 4 b
En = Z HTa,k,n(<f‘z”be5t' l‘Uk,(:lst))-
k=1
To evaluate the effectiveness of the proposed methodology, statistical modeling was carried
out in this work. Model data were formed similar to neutron monitor data. 1500 model signals were
generated, the structure of which corresponded to the NM data (using wavelet decompositions, the

trend was extracted) with added anomalies and correlated (pink) or white noise. Noise was added




additively to the model data, and the anomalies had different shape, amplitude, and duration. Figure
1 shows examples of constructed model data with different types of anomalies.

Fig. 1.

Fig. 2.

Fig. 2 shows plots of anomaly detection probabilities based on the performed statistical
modeling, the results are presented as a function of signal-to-noise ratio. The analysis of the results,
in particular, shows that the probability of detecting an anomaly with a duration of 20 samples is
about 80% at a signal-to-noise ratio of 1.5 (with a false alarm rate of @ = 0.01).

3. RESULTS OF THE METHOD AND DISCUSSION

The data of high-latitude NM stations, which did not contain outliers characteristic of
hardware errors and did not have long outliers (more than 10 samples), were used in this work. If
there were small gaps in the data, they were filled with median values. In addition, the
representativeness of the data was taken into account when forming the data samples in order to be
able to obtain reliable results. Data were selected for those periods when measurements of several
NMs (at least three stations) were available. Given these requirements, the set of stations may have
some differences from event to event. NM data were taken from the source (https://www.nmdb.eu).
In the analysis, solar wind density and velocity (SW) data (https://omniweb.gsfc.nasa.gov/), Bz
(GSM) data of the interplanetary magnetic field (IMF) component ((https://omniweb.gsfc.nasa.gov/),
and Dst-index data https://wdc.kugi.kyoto-u.ac.jp/) were used to estimate the state of near-Earth space
(NE).

Anomaly detection in the CL variation data was performed according to the proposed
methodology, and the algorithm described above was applied. At an arbitrary pointt = k of the NM

data time series, the previous daily time interval was used in the calculations, which for the initial

minute data is M = 1440 counts (parameterM for the estimation of the standard deviation &y, i in
step 2 of the algorithm). To estimate the intensity of the selected anomalies, following the results of
earlier studies by the authors [Mandrikova et al., 2021; Mandrikova and Mandrikova, 2022] and in
accordance with step 5 of the described algorithm, the following operation was performed for

each t = t,, time instant:

K
Bn = ) My ((Foypees PE))

k=0

During the first analyzed period on May 8-15, 2024, a geomagnetic storm of extreme power
(G5 level) occurred and a GLE event (GLE74) was registered. To evaluate the state of the GLE, we
present the NE velocity (Fig. 3a) and density data (Fig. 3b), the Bz (GSM) component data of the
IMF (Fig. 3¢), and the Dst-index data of geomagnetic activity (Fig. 3d). Figure 3d shows the NM data



https://omniweb.gsfc.nasa.gov/

of Inuvik, Nain, Oulu and Thule stations. The results of applying the methodology to the NM data
are shown in Figures 3e-n. At the beginning of the period under analysis, the state of ECS was very
quiet (http://ipg.geospace.ru): On May 8, the NE velocity did not exceed 490 km/sec, the southern
component of the IMF fluctuated from Bz= -3 to +6 nT. According to the results of data processing
(Fig. 3e-n), the CL flux intensity was within the background variations. At about 14:00 UT on 9 May,
at the background of a slight increase of the CB density (Fig. 3b), an anomalous increase of the CL
flux intensity was observed at all analyzed stations (Fig. 3e-n); at about 3:00 UT on 10 May, the
anomaly significantly exceeded the background level (the valueE,, at all stations exceeded9 - 103 u).
At about 14:00 UT on May 10 at Nain and Oulu stations (Fig. 3/, 4, [, m), the anomalous increase of
CL flux intensity reached its maximum: at Nain station E, = 18 - 103 u.m.; at Oulu station E,, =
9.8-10% u.m. At 15:00 UT on May 10, the beginning of geomagnetic storm (G5) was registered
(https://omniweb.gsfc.nasa.gov). The variations of the southern component of the IMF at this time
have significantly increased and the density and velocity of the NE increased significantly (Fig. 3a).
The CL flux intensity at the initial phase of the storm at all analyzed stations began to sharply decrease
and reached its minimum around 22:00 UT on May 10, the deep Forbush decrease was about 4 hours
(Fig. 3e-n). According to the polar NM data (https://www.nmdb.eu), a GLE event (GLE74) was
registered at 01:50 UT on May 11 (Fig. 3e-n). The results of the technique show at this period a sharp
recovery of the level of CL variations, at this time the Dst-index reached its minimum of -409 nTL.

Fig. 3.

Further, on May 11 at 10:00 UT, an interplanetary CME was registered (CME of May 9), the
southern component of the IMF varied about Bz = -25 nT, the NE velocity began to increase and
reached 1000 km/sec (1:00 UT on May 12). During this period, the CL flux intensity at all analyzed
stations began to decrease sharply and reached its minimum around 11:30 UT on May 11 (Fig. 3e-n).
The duration of the arisen Forbush decrease, according to the results of data processing, was about a
day. The restoration of the level of CL variations was observed at Nain, Oulu and Thule stations in
the first part of the day on May 13, with a delay at some stations by several hours (Fig. 3e-n). Note
that in the first half of the day on May 13, according to data of Nain station (Fig. 3/), the CL flux
intensity slightly exceeded the background level, which, according to the observations [Avakyan et
al., 2012; Mandrikova and Mandrikova, 2021], can occur at temperate and high latitudes during the
period of the restoring phase of the geomagnetic storm. During these hours, we also observe a slight
increase in the CB density (Fig. 3b) and a southward rotation of the Bz component of the IMF (Fig.
3c¢). Further, the CL flux intensity varied within the background values (Fig. 3e-n).

Fig. 4.

Fig.4, for the analysis of the results of the methodology during the periods of geomagnetic

storms of different strength and nature, shows the processing of data of the neutron monitor of Nain
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station for the period April 30 - May 15, 2024. The results are obtained at the rate of data arrival to
the processing system. The moments of the onset of geomagnetic storms (according to the Dst-index
data) are marked in Fig. 4 by vertical dashed lines. The results of the technique, according to the data
of the analyzed Nain station, show the beginning of the anomalous decrease of the CL flux intensity
in the second half of the day on May 1. Further, around 10:00 UT on 2 May, the CL flux intensity
increased anomalously and at the time of registration of the first analyzed event (at 15:00 UT on 2
May) reached the maximum (E,, =~ 3 - 103 y.e.). The beginning of the next weak geomagnetic storm
was registered at 20:00 UT on May 5. According to the results of processing, the anomalous decrease
of the CL flux intensity occurred during the period of the arrival of the accelerated flux, approximately
5-6 h before the moment of registration of this geomagnetic storm. There was a Forbush decrease
with a gradual onset, which reached its maximum around 6:00 UT on May 6.

Note that the dynamics of CL variations on the eve and during the periods of geomagnetic
storms can differ. On the eve and at the moments of registration of the analyzed events on May 2 and
May 10, 2024, the CL flux intensity was anomalously increased. The weak magnetic storm that
occurred on May 5, 2024 was preceded by the anomalous decrease of the CL flux intensity.

Fig. 5.

In the next analyzed period (Fig. 5), a strong geomagnetic storm (G4) occurred on January 1,
2025 as a result of the impact of several CMEs. To evaluate the condition of the CME, Figure 5 shows
the velocity (Fig. 5a) and NE density data (Fig. 5b), the Bz-component data of the MMP (Fig. 5¢),
and the Dst-index data (Fig. 5d). Figure 5d shows the NM data of Apatity, Oulu and South Pole
stations. At the beginning of the analyzed period on December 29-30, 2024, the state of ECS was
very quiet. According to the results of the methodology (Fig. Se-/), the CL flux intensity on December
29 was within the background values. In the middle of the day on December 30, during the period
11:00-12:00 UT, the Bz component of the IMF turned southward (Fig. 5¢), the Dst-index values
decreased to -12 nT (https://wdc.kugi.kyoto-u.ac.jp) and according to the results of data processing
(Fig. Se, g, i, k), the variations of CL flux intensity at Oulu and Apatity stations slightly exceeded the
background level - one can observe a positive anomaly of small intensity (E, =~ 0.45-103y.e.),
lasting about 5 hours.

On the eve of the geomagnetic storm, in the first part of the day on December 31, the Bz
component of the IMF turned to the south (Fig. 5¢), at about 12:00 UT at the South Pole and Oulu
stations, an anomalous increase of the CL flux intensity was observed (at the South Pole station the
value wasE,, ~ 0.95 - 103y.e. ), the duration of the anomaly at the South Pole station was about 6
hours. Further, at 15:00 the interplanetary CME was registered (CME 01:36 UT and 18:12 UT on
December 28), the fluctuations of the southern component of the IMF increased to Bz= -17 nT, the

NE velocity increased to 490 km/s. During this period the variations of CL flux intensity at the South




Pole station exceeded the background level and a positive anomaly appeared (Fig. 5k, [). At the end
of the day on December 31, the CL flux intensity began to decrease and around 8:00 UT on January
1, 2025, a Forbush decrease occurred at all analyzed stations, which reached its minimum at 16:30
UT at Apatity and Oulu stations (Fig. e, g, i, k) and at 21:00 UT at South Pole station (Fig. 54, /). At
09:00 UT on January 1, 2025, the beginning of a strong geomagnetic storm (G4) was registered. Note
that the results of data processing (Fig. 5i-/) show a strong correlation between the variations of CL

flux intensity and Dst-index values during this event.

4. CONCLUSIONS

The results of this work have shown the effectiveness of the developed methodology for
studying the variations of cosmic rays during solar events and geomagnetic storms. The technique
allows us to perform a detailed data analysis and obtain quantitative estimates of the process
variability. On the example of the considered events, the possibility of using the technique in
operational data analysis and space weather forecasting was also confirmed. In addition, the study
showed the need for an integrated approach to solve space weather problems. The complex dynamics
of GCR during perturbed periods and the presence of disturbances require the development of
methods for data recording, analysis and interpretation, using modern mathematical tools and
computational technologies.

On the example of the considered events, we confirmed the possibility of anomalies of
different intensity and duration in the CL variations on the eve of Forbush decreases and geomagnetic
storms. In spite of the differences in the data of different neutron monitors, the signs of the general
dynamics of the process during the analyzed events are highlighted. The detected anomalies in the
CL variations correlated with the data on the state of the interplanetary medium and magnetosphere.
The formation of anomalies in CL coincided in time with the arrivals of high-speed accelerated flows.
The results are consistent with earlier work by the authors [Mandrikova et al., 2021; Mandrikova and
Mandrikova, 2021; 2022] and the results of other researchers [Munakata et al., 2000; Dorman et al.,
2005; Badruddin et al., 2017; 2019; Abunina et al., 2020; Mavromichalaki et al., 2024]. This indicates
the validity of the results and confirms the importance of considering GCR when performing space
weather forecasting.

In addition, the study showed some differences in the dynamics of CL variations during
geomagnetic storms. It is noted that on the eve and during the onset of the events on May 2 and May
10, 2024, the CL flux intensity was anomalously elevated. A weak magnetic storm on May 5, 2024
was preceded by an anomalous decrease in the CL flux intensity. The possibility of occurrence of
both an anomalous increase in the CL flux intensity and its anomalous decrease is also confirmed by

the works of other scientists [Badruddin et al., 2019; Belov et al., 2015; Homola et al., 2020].




On the eve of the extreme geomagnetic storm on May 10, 2024, the anomalous increase of the
CL flux intensity at all analyzed NM stations significantly exceeded the background level (the value
ofE,, exceeded9 - 103 uC). The event on 1 January 2025 (level G4) was preceded by insignificant
anomalous changes in the variations of cosmic rays, which exceeded the background level only at the
polar station South Pole (the valueE,, ~ 0.95 - 103 u.u.) and at the other analyzed stations were within
the background.

A detailed analysis of the event on January 1, 2025 showed a strong correlation between the
variations of the CL flux intensity and the Dst-index values. This result is similar to the study
[Mandrikova et al., 2023] during a strong geomagnetic storm on March 23,2023 (G3 level). Itis also
consistent with the work of other researchers [Badruddin et al., 2017; 2019; Mavromichalaki et al.,
2024] and supports the theory of [Badruddin et al., 2019] about the possibility of predicting magnetic
storms from CL flux data.
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FIGURE CAPTIONS

Fig. 1. Examples of constructed model data with anomalies.

Fig. 2. Results of evaluation of the technique efficiency using model data (anomaly duration is 20

samples).

Fig. 3. Results of NM data processing for the period from 08.05.2024 to 16.05.2024: (a) solar wind
speed (SWS); (b) solar wind density (SWD); (c¢) Bz-component of the MMP; (d) Dst-index; (e) NM
data; (f) result of applying step 3 of the algorithm to the data of Inuvik station; (g) result of applying
step 3 of the algorithm to the data of Nain station; (/) result of applying step 3 of the algorithm to
the data of Oulu station; (i) result of applying step 3 of the algorithm to the data of Oulu station.
Oulu; (7) the result of applying step 3 of the algorithm to the data of Thule station; (j) the result of
applying step 5 of the algorithm to the data of Inuvik station; (k) the result of applying step 5 of the
algorithm to the data of Inuvik station; (/) the result of applying step 5 of the algorithm to the data
of Nain station; (m) the result of applying step 5 of the algorithm to the data of Oulu station; (7) the
result of applying step 5 of the algorithm to the data of Thule station.

Fig. 4. Results of processing the NM data of Nain station for the period from 30.04.2024 to
16.05.2024.




Fig. 5. Results of NM data processing for the period from 29.12.2024 to 03.01.2025: (a) solar wind
speed (SWS); (b) solar wind density (SWD); (c¢) Bz-component of the IMF; (d) Dst-index; (e) NM
data; (f) result of applying step 3 of the algorithm to the data of Apatity station; (g) result of
applying step 3 of the algorithm to the data of Oulu station; (h) result of applying step 3 of the
algorithm to the data of South Pole station; (i) result of applying step 5 of the algorithm to the data
of Apatity station; (i) result of applying step 5 of the algorithm to the data of South Pole station.
Oulu; (4) the result of applying step 3 of the algorithm to the data of South Pole station; (i) the
result of applying step 5 of the algorithm to the data of Apatity station; (j) the result of applying step
5 of the algorithm to the data of Oulu station; (/) the result of applying step 5 of the algorithm to the
data of South Pole station.
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